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A B S T R A C T
Dryland ecosystems play an important role in determining how precipitation anomalies aﬀect terrestrial carbon
ﬂuxes at regional to global scales. Thus, to understand how climate change may aﬀect the global carbon cycle,
we must also be able to understand and model its eﬀects on dryland vegetation. Dynamic Global Vegetation
Models (DGVMs) are an important tool for modeling ecosystem dynamics, but they often struggle to reproduce
seasonal patterns of plant productivity. Because the phenological niche of many plant species is linked to both
total productivity and competitive interactions with other plants, errors in how process-based models represent
phenology hinder our ability to predict climate change impacts. This may be particularly problematic in dryland
ecosystems where many species have developed a complex phenology in response to seasonal variability in both
moisture and temperature. Here, we examine how uncertainty in key parameters as well as the structure of
existing phenology routines aﬀect the ability of a DGVM to match seasonal patterns of leaf area index (LAI) and
gross primary productivity (GPP) across a temperature and precipitation gradient. First, we optimized model
parameters using a combination of site-level eddy covariance data and remotely-sensed LAI data. Second, we
modiﬁed the model to include a semi-deciduous phenology type and added ﬂexibility to the representation of
grass phenology. While optimizing parameters reduced model bias, the largest gains in model performance were
associated with the development of our new representation of phenology. This modiﬁed model was able to better
capture seasonal patterns of both leaf area index (R2=0.75) and gross primary productivity (R2= 0.84), though
its ability to estimate total annual GPP depended on using eddy covariance data for optimization. The new model
also resulted in a more realistic outcome of modeled competition between grass and shrubs. These ﬁndings
demonstrate the importance of improving how DGVMs represent phenology in order to accurately forecast
climate change impacts in dryland ecosystems.
1. Introduction
Dryland ecosystems have recently been recognized as playing an
important role in the global carbon cycle due to their large areal extent
and potential to rapidly respond to climate extremes (Poulter et al.,
2014; Ahlstrom et al., 2015). Drylands, which can include areas ranging
from arid to dry subhumid, cover 40% of the Earth’s land area (Fischer
et al., 2008). Dryland vegetation has adapted to warm and dry condi-
tions by optimizing rooting systems that extend laterally or vertically to
maximize water uptake and by developing phenological and life history
strategies that can be advantageous when soil moisture is available. As
a consequence, dryland plant species appear to be well positioned to
take advantage of anomalously wet growing conditions by quickly
maximizing productivity (Snyder and Tartowski, 2006; Scott et al.,
2015; Li et al., 2017). This can have important implications for the
carbon balance. Recent work has shown that dryland ecosystems can
shift between a carbon source and a carbon sink in response to inter-
annual variability in precipitation (Serrano-Ortiz et al., 2014; Li et al.,
2017), and that response to seasonal variability can also aﬀect carbon
ﬂux (Arneth et al., 2006). Understanding carbon allocation strategies at
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the plant level and at seasonal timescales is necessary to improve model
predictions of dryland vegetation response to climate extremes and
their role in regional and global carbon cycling.
Dynamic Global Vegetation Models (DGVMs) are an important tool
widely used for understanding processes related to ecosystem dynamics
and predicting climate change impacts at global scales. However, their
ability to replicate spatial and temporal trends in dryland ecosystems
has not been fully evaluated. Estimates of vegetation productivity de-
rived from DGVMs have been evaluated through comparison to mostly
mid-to-high latitude remotely sensed vegetation indices and models
(e.g. MODIS, Running et al., 2004) and with site-level measurements of
annual ﬂux derived from eddy covariance (EC) ﬂux towers (Biederman
et al., 2017). These studies have shown that DGVMs often struggle to
replicate seasonal patterns of leaf phenology and productivity (e.g.
Kucharik et al., 2006; Richardson et al., 2012; Schaefer et al., 2012)
whereby these errors can also contribute to bias at annual or longer
time scales (Richardson et al., 2012; Keenan et al., 2012). Leaf phe-
nology, or the annual cycle of leaf growth and senescence, is closely
linked to temperature and precipitation (Jolly et al., 2005; Cleland
et al., 2007; Richardson et al., 2013; Zhao et al., 2013), and climate
change is already beginning to drive shifts in the timing of these key
events (Walther et al., 2002; Walther, 2003; Parmesan and Yohe, 2003).
Failure to capture current patterns of leaf phenology and their depen-
dence on weather patterns will limit our ability to predict how carbon
ﬂuxes may change in the future (Richardson et al., 2013).
The ability of DGVMs to capture seasonal patterns of carbon ﬂuxes
can be limited by both problems with model parameterization and the
structure of speciﬁc phenology routines (Kucharik et al., 2006; Knorr
et al., 2010; Richardson et al., 2012; Dahlin et al., 2016). These issues
are particularly problematic in dryland ecosystems, where many species
have adapted to seasonality in both temperature and moisture avail-
ability by developing patterns of leaf phenology that cannot be classi-
ﬁed as strictly evergreen or deciduous, the two phenology types com-
monly used when modeling temperate ecosystems. One study in
Australia found that 49% of woody plants were either brevi-deciduous
or semi-deciduous, meaning they drop some portion of their leaves as
an adaptation to moisture stress rather than cold (Williams et al., 1997).
This phenological strategy is also found in the dominant woody plants
of Sahelian Africa (Do et al., 2005), India (Singh and Kushwaha, 2005),
and in the sagebrush steppe of North America (Evans and Black, 1993).
None of the phenology routines typical in DGVMs accurately represent
brevi- or semi-deciduous phenology.
Because dryland ecosystems are relatively under-studied compared
with the temperate ecosystems for which DGVMs have been more
thoroughly tested and developed, parameter uncertainty may also
contribute to diﬃculties in estimating seasonal productivity. Universal
parameters developed and applied to temperate ecosystems may not be
appropriate for dryland species, and many PFT-speciﬁc parameters are
poorly constrained by data (Wramneby et al., 2008). The relative
paucity of ﬁeld and modeling studies is compounded by the fact that
few ﬂux towers have been located in dryland ecosystems (Xiao et al.,
2011; Biederman et al., 2017), leaving large gaps in our knowledge
about how these ecosystems contribute to the global carbon cycle.
Here, we investigate how both the approach to model para-
meterization and the structure of phenology routines inﬂuence modeled
patterns of leaf area index (LAI) and gross primary productivity (GPP)
in dryland shrublands. Speciﬁcally, we ask: 1) How well do existing
methods of representing phenology capture seasonal patterns of LAI
and GPP?, and 2) Can we improve the representation of seasonal LAI
and GPP by a) optimizing existing parameters, or b) developing a new
phenology routine? We address these questions using a combination of
ﬁeld and remotely-sensed data for four sagebrush steppe sites located
along a 1000m elevation gradient that varies in air temperature and
precipitation. By comparing ecosystem model outputs to these in-
dependent data sets and using those data to inform further model de-
velopment, we demonstrate the importance of improving how
phenology is represented in DGVMs to improve predicted patterns of
carbon ﬂux.
2. Methods
2.1. Study area
We carry out our analysis using data from four eddy covariance
tower sites located within the Reynolds Creek Experimental Watershed
in southwestern Idaho, USA, now a United States National Science
Foundation-funded Critical Zone Observatory (CZO). These sites re-
present a gradient in elevation, temperature, and precipitation (Fig. 1).
Temperature and precipitation co-vary such that the lowest elevation
site is the hottest and driest while the highest elevation site is the
coolest and wettest. Mean annual temperature decreases with elevation
from 9.4 °C at the lowest site to 5.6 °C at the highest site, and mean
annual precipitation increases with elevation from 292mm to 800mm.
Gross primary production varies predictably along this gradient, with
the cool and wet site averaging over twice the annual GPP (0.81 kgC
m−2 yr-1) compared to the warm and dry site (0.35 kgC m−2 yr-1)
(Fellows et al., 2017). Similarly, average net ecosystem exchange (NEE)
ranged from 0.12 kgC m−2 yr-1 of uptake at the cool/wet site to only
0.06 kgC m−2 yr-1 at the warm/dry site. Peak growing season LAI also
varies along this gradient, ranging from around 0.6–1.7, and with high
spatial heterogeneity due to patchy shrub and grass patterns.
Shrub-grassland vegetation, dominated by sagebrush species
(Artemisia spp.) and mixtures of perennial grasses and forbs, occurs at
all 4 sites. From hot and dry to cooler and wetter, the dominant shrub
sub-species are Wyoming big sagebrush (Artemisia tridentata ssp. wyo-
mingensis, WBS site), low sagebrush (Artemisia arbuscula, LOS site), post-
ﬁre (2007) mountain big sagebrush (Artemisia tridentata ssp. vaseyana,
Fig. 1. Mean annual air temperature and precipitation for the four study sites
calculated from Daymet data (years 1980–2009; Thornton et al., 2017).
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PFS site), and undisturbed mountain big sagebrush (MBS site). All of
these Artemisia species are considered semi-deciduous, where two co-
horts of leaves are grown each year (Evans and Black, 1993; Williams
et al., 1997). Both cohorts emerge in spring, but a group of ephemeral
leaves are shed by mid-summer of that same year, while the remaining
persistent leaves remain on the plant throughout the winter and senesce
the following spring (Evans and Black, 1993).
2.2. Model description
We use the LPJ-GUESS DGVM (Smith et al., 2001), which simulates
establishment, growth, competition, and mortality for any number of
plant functional types (PFTs) deﬁned by a set of physiological para-
meters. LPJ-GUESS has been used to study dryland systems globally
(Ahlstrom et al., 2015) and for studying sagebrush ecosystems re-
gionally (Renwick et al., 2018). For this study, we used two PFTs: a
generic C3 grass/forb (hereafter “grass”) and a generic shrub (Hickler
et al., 2015; Leiblein-Wild et al., 2015). PFT parameters determine
patterns of carbon acquisition and allocation, and consequently aﬀect
simulated carbon ﬂuxes at the ecosystem level. Litterfall, ﬁne root
mortality and demographic processes determine the rate of carbon in-
puts to the soil, which is released back to the atmosphere by soil het-
erotrophic respiration. LPJ-GUESS can also simulate carbon ﬂuxes due
to ﬁre, but we ran the model with this option turned oﬀ. Initial para-
meter values for both PFTs follow Smith et al. (2001) and Hickler et al.
(2012). Full details on the model, parameters, and process equations
can be found in the appendix to Smith et al., 2001.
Woody plant leaf phenology is typically represented by three broad
phenology types in LPJ-GUESS: evergreen, raingreen, and summer-
green. Evergreen PFTs maintain a constant leaf area throughout the
year, and productivity is limited in colder months when temperatures
fall below the minimum temperature for photosynthesis. Raingreen
PFTs shed their leaves when available soil water drops below a PFT-
speciﬁc soil moisture threshold, and in turn re-grow them once water
stress is reduced. Summergreen PFTs leaf out gradually each spring at a
rate controlled by a’ ramp’ parameter, beginning when air temperatures
reach 5 °C. Leaf senescence for summergreen PFTs occurs when either
the total number of days with full leaf cover, i.e., leaf longevity, exceeds
210 days, the maximum for all summergreen PFTs, or when the air
temperature drops below 5 °C. This typically causes leaf senescence to
occur in around October, which while appropriate for many deciduous
trees, is several months too late for sagebrush.
Grass phenology was set to ‘summergreen’ for all simulations.
Summergreen grasses follow the same leaf-out routine as woody PFTs
but have no maximum number of leaf-on days, and instead senesce only
once the temperature drops below 5 °C.
LPJ-GUESS is run on a daily time step and is driven by data on
temperature, precipitation, solar radiation, soil texture, and CO2 con-
centration. We used Daymet Version 3.0 1-km gridded climate data
(Thornton et al., 2017) for the temperature, precipitation, and solar
radiation; STATSGO data (Miller and White, 1998) for sand, silt, and
clay fractions used to determine water holding capacity; and CO2
concentration data developed for use with the TRENDY project (http://
dgvm.ceh.ac.uk/node/9/index.html). We ran the model at 1-km re-
solution and with 100 patches to average stochastic establishment and
mortality elements of the model. All model runs began with a 1000-year
spin-up to allow soil and vegetation carbon pools to reach equilibrium.
The spin-up period was driven by de-trended Daymet data and the pre-
industrial CO2 concentration.
2.3. Data sources for optimization and model development
We used two diﬀerent data sources for model optimization: gross
primary productivity (GPP) derived from local eddy covariance data
and Leaf Area Index (LAI) derived from remotely-sensed data. Field
data collection and processing for estimates of GPP at the sites are
described by Fellows et al. (2017), where data are available for
download. In summary, the EC towers consisted of a three-dimensional
sonic anemometer (Model CSAT3, Campbell Scientiﬁc, Inc., Logan UT)
and an open path infrared gas analyzer (IRGA; Model LI-7500a, LI-COR,
Inc., Lincoln, NE) sampled at 10 Hz. Ancillary meteorological data
collected at the towers included four-component net radiation, air
temperature, humidity, and ground heat ﬂux. Meteorological stations
within 70–800m of each site were used to gap-ﬁll missing records at
the eddy covariance towers.
Fellows et al. (2017) calculated the turbulent ﬂuxes at 30-min in-
tervals using EddyPro® software (Lincoln, Nebraska USA; https://www.
licor.com) with default processing options. Data from periods of in-
strument malfunction and non-turbulent conditions (friction velocity,
i.e., u*, below 0.2 m s-1) were removed. REddyProc software developed
for R (Reichstein et al., 2005; http://www.bgc-jena.mpg.de; version
0.6-0) was used to ﬁll missing observations and partition the net ex-
change of carbon dioxide (NEE) into ecosystem respiration and gross
ecosystem CO2 exchange (μmol CO2m−2 s-1). In this study, we used
eddy covariance estimates of GPP for water years (October 1st through
September 30th) 2015–2016 at each site, with half-hourly observations
aggregated to monthly values to match model output. Average annual
NEE reported by Fellows et al. (2017) for these years was 0.06, 0.12,
0.13 and 0.12 kgC m−2 of uptake for the WBS, LOS, PFS and MBS sites,
respectively; average annual GPP was 0.54, 0.68, 0.77, and 0.81 kgC
m−2.
As an independent evaluation for modeled GPP, we also compared
ﬁeld estimates of GPP to output from the MODerate Resolution Imaging
Spectroradiometer (MODIS) GPP algorithm (Running et al., 2004;
Smith et al., 2016). MODIS GPP uses a light-use eﬃciency model to
estimate GPP using MODIS fraction of photosynthetically active ra-
diation (FPAR) and leaf area index (LAI) data products. We used local
ﬂux tower meteorology information on daily air temperature, vapor
pressure deﬁcit (VPD), and solar radiation. MODIS FPAR and LAI data
were derived from 500-m resolution MODIS Collection 6 data products
(https://lpdaac.usgs.gov/dataset_discovery/modis/).
Our second source of optimization data was MODIS LAI estimates
(MCD15A2 collection 5; ORNL DAAC, 2008). LAI is estimated using a
radiative transfer model applied at 1-km resolution based on surface
reﬂectance data. The MODIS LAI algorithm can be aﬀected by cloud
cover or deep snow, and data points with potential quality issues are
identiﬁed via a quality assurance ﬂag. We examined the original MODIS
LAI data, and found that while some data points in the winter months
were ﬂagged as being “other quality”, the majority (87%) were of the
best quality possible (Fig. S1). To match the temporal scale of LPJ-
GUESS model output, 8-day composite MODIS LAI values were con-
verted to monthly by interpolating the point estimates to a daily time
step then taking the average for each month. Doing this helped to
smooth out some of the noise in the raw data and served to minimize
the impact of “other quality” data points.
To check the validity of MODIS LAI estimates for our study sites, we
compared the data to ﬁeld estimates of growing season LAI that were
collected using the point-intercept method described by Clark and
Seyfried (2011). For each site, LAI estimates were acquired within a
circular macroplot, 60m in radius (1.1 ha), centered on the EC tower
location. Sampling was conducted around the time of peak production
using a vertically-oriented, 20-pin point frame positioned at 30 random
locations within each macroplot. LAI was quantiﬁed from the number
of pin-point contacts per frame (Wilson, 1963; Clark and Seyfried,
2001) and was summarized by functional group (graminoid, forb, and
shrub) based on the 30 samples acquired at each site. Clark and Seyfried
(2011) tested this method at other sagebrush sites within the Reynolds
Creek watershed and found that it produced a reasonable approxima-
tion of LAI estimates when compared to destructive sampling.
Despite the potential mismatch between the scale of ﬁeld estimates
and the 1-km MODIS footprint, the ﬁeld estimates of total LAI were
within the range of the MODIS estimates for the same time period (Fig.
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S2). This enhanced our conﬁdence in using MODIS data as an approx-
imation of monthly LAI for data assimilation. Field data were only
available for one time point at each site, but were later used to provide
information on the contribution of sagebrush to total LAI near peak
production.
2.4. Parameter selection
We ﬁrst performed a sensitivity analysis to determine which model
parameters had the largest inﬂuence on seasonal and annual patterns of
GPP and used these to reduce the set of parameters optimized. We
began with fourteen parameters (Table 1) chosen for one of three rea-
sons: they are known to have a strong inﬂuence on modeled carbon ﬂux
(Zaehle et al., 2005; Wramneby et al., 2008; Poulter et al., 2010), no
data are available to estimate appropriate values for sagebrush, or they
are directly related to how phenology is represented in LPJ-GUESS.
Additional details on these parameters can be found in Smith et al.,
2001.
We used Latin Hypercube (LHC) sampling (McKay et al., 1979), a
stratiﬁed random sampling approach, to generate test values for each of
the parameters. LHC sampling provides an eﬃcient way to sample the
full parameter space by ensuring that test values are evenly distributed
throughout the multi-dimensional hypervolume deﬁned by the dis-
tributions of potential parameter values. We assumed a uniform dis-
tribution for each parameter, bounded by minimum and maximum
values taken when available from literature (Table 1), and assuming no
covariance between parameters. Using the lhs R package (Carnell,
2016), we generated 640 unique sets of parameter values that were
used to drive model runs for each of the four ﬂux sites.
The importance of each parameter was assessed by examining how
the parameter aﬀected the 30-year mean (1986–2015) for several key
output variables related to carbon ﬂuxes. We considered four annual
variables, two at the ecosystem level (NEE and GPP) and two at the PFT
level (sagebrush foliar projective cover (FPC) and LAI). We also as-
sessed how each parameter aﬀected monthly GPP and LAI as well as the
proportion of annual GPP that occurred in each season (spring,
summer, and fall) by calculating the ranked partial correlation coeﬃ-
cient (RPCC) between the parameter and the value of each output
variable. This was done separately for each of the four sites. We used
|RPCC|>0.2 for at least one output variable as the cut-oﬀ for including
any given parameter in the next stage of analysis.
2.5. Dryland phenology model
We compared three diﬀerent methods of representing dryland
phenology. First, we ran the LPJ-GUESS model using standard
parameter values for the shrub and grass functional types (Smith et al.,
2001) to determine how well the original model could replicate sea-
sonal patterns of GPP and LAI using the existing three phenology types
available in LPJ-GUESS. Second, we optimized parameters that the
sensitivity analysis identiﬁed as having a large eﬀect on GPP and LAI to
determine if parameter values speciﬁc to sagebrush could overcome any
shortcomings in the original phenology types. Third, we developed a
new phenology type for dryland shrubs to determine if structural model
changes would yield further improvements, again optimizing para-
meters that proved inﬂuential. We call this type “semi-deciduous” after
Williams et al. (1997).
In the semi-deciduous phenology type, sagebrush develops two co-
horts of leaves each spring: one that is shed by mid summer (ephemeral
leaves), and one that persists throughout the winter (persistent leaves).
For the semi-deciduous shrub PFT, we added a parameter called
phenwinter, which represents the proportion of maximum leaf cover
consisting of persistent leaves. The start and duration of leaf-out for
ephemeral leaves is controlled by the same equation and parameters
that are used in the summergreen phenology type. To allow ephemeral
leaves to senesce mid-summer, we created a new model parameters
called phenmax. Phenmax allows the maximum number of days with full
leaf cover to be set independently for semi-deciduous species, instead of
defaulting to 210 days. This new parameter was also added to the grass
PFT to improve the representation of senescence. After phenmax is
reached, leaf cover for the semi-deciduous shrub is reduced to the
proportion of maximum cover represented by phenwinter, and leaf cover
for the grass PFT is reduced to zero. Equations used in the model are
included as supplementary material.
We considered adding another parameter, downramp, to represent
the percentage of leaves lost each day once phenmax is reached. This
parameter allowed leaf senescence to occur gradually instead of all at
once. The parameter was included in our sensitivity test but was
dropped from the ﬁnal model because it had very little impact on
modeled processes.
2.6. Model-data assimilation and parameter optimization
We compared three diﬀerent approaches for optimization based on
combining our data sources: the ﬁrst used monthly GPP derived from
the ﬂux data, the second used monthly LAI derived from MODIS, and
the third used both datasets. In LPJ-GUESS, GPP is simulated by re-
lating the absorbed photosynthetic active radiation (APAR) by foliage
to biochemical processes represented by the Farquhar photosynthetic
model (Farquhar et al., 1980; Smith et al., 2001). Because GPP is linked
to both leaf cover and photosynthesis, it is commonly used for opti-
mization of parameters related to carbon uptake (e.g. Santaren et al.,
Table 1
Standard values for the parameters evaluated in the sensitivity analysis, along with the minimum and maximum values tested and reference for that range.
Parameter Description (units) Standard Min Max Reference
sla Speciﬁc leaf area (m2 kgC−1) 30 6 21 Full range from literaturea
latosa Leaf to sapwood area ratio 6000 1350 5220 min/max measuredb
gmin Min. canopy conductance (mm s−1) 0.5 0.35 0.65 standard +/- 30%
ltormax Max. leaf to root ratio 1 0.5 1 full range in global PFTs
greﬀmin Min. growth eﬃciency (kgC m−2 leaf yr-1) 0.08 0.06 0.1 standard +/- 30%
rootup Fraction of roots in upper .5 m soil 0.6 0.6 1 full range in global PFTs
turnoversap Sapwood turnover rate (proportion yr−1) 0.1 0.05 0.1 full range in global PFTs
estmax Max. establishment rate (individuals m−2 yr-1) 0.2 0.05 0.2 full range in global PFTs
pstempmin Min. temp. for photosynthesis (celsius) −4 −5.2 −2.8 standard +/- 30 %
pstemplow Low temp. for optimal photosynthesis (celsius) 10 7 13 standard +/- 30 %
pstemphi High temp. for optimal photosynthesis (celsius) 25 17.5 32.5 standard +/- 30 %
pstempmax Max. temp. for photosynthesis (celsius) 38 26.6 49.4 standard +/- 30 %
kchillb coeﬃcient in budburst chilling eq. 100 100 600 full range in global PFTs
GDD5 GDD5 sum for full leaf cover 200 100 300 standard +/- 50%
a Minimum from Olsoy et al. (2016); maximum from Ganskopp and Miller (1986).
b Ganskopp and Miller (1986).
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2007; Verbeeck et al., 2011; Kuppel et al., 2014). Field or remotely-
sensed LAI data are also used in optimization studies (e.g. Vuichard
et al., 2010; Valade et al., 2014) because they are fairly easy to acquire
and do not always require specialized equipment. If LAI performs
adequately for parameter optimization, it could potentially be used to
parameterize a wider range of species in areas where ﬂux data is not
readily available. Joint-variable assimilation is important to consider
because parameters may be optimized for one data stream at the cost of
degrading the model performance for another. For example, optimized
GPP may result in unrealistic LAI. We optimized a single set of para-
meters for the four study sites to avoid over-ﬁtting (Kuppel et al., 2012),
using reference data from water years 2015 and 2016.
All model parameters were optimized simultaneously by minimizing
a cost function deﬁned by the mean relative absolute error across the
four sites:
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where N is the number of sites, n is the number of months, rj represents
the residual between model output in month j and either the ﬂux tower
estimate of GPP or MODIS estimate of LAI, and y¯ is the mean of ob-
served GPP or LAI across all time steps for a given site. Scaling the
absolute error of GPP and LAI by the site-speciﬁc mean (i.e. using the
relative absolute error REL) ensures that the two variables and four sites
contribute equally to the cost function despite diﬀerences in scale and
magnitude. When optimizing based on just GPP or just LAI, the portion
of the RAE term controlled by the unused variable reduces to zero.
This cost function was minimized using the diﬀerential evolution
algorithm (Storn and Price, 1997) implemented in the DEoptim R
package (Mullen et al., 2011). Diﬀerential evolution is a global opti-
mization routine appropriate for optimizing the parameters of a com-
plex non-linear model like LPJ-GUESS where there are likely to be a
number of local optima (Price et al., 2005). Parameter values can be
constrained by a user-speciﬁed minimum and maximum; we used the
same upper and lower parameter limits that we applied in the sensi-
tivity analysis (Table 1).
At each iteration in the diﬀerential evolution algorithm, we ran LPJ-
GUESS for the full 1000-yr spinup followed by a period driven by his-
toric climate data and extracted output for water years 2015 and 2016.
Only parameters with an |RPCC|> 0.2 in the sensitivity analysis were
optimized. For the semi-deciduous parameter optimization, we set
parameters that were optimized for the summergreen model but failed
to meet this criteria to their optimized value rather than the standard.
The maximum number of iterations was set to 1000, but we typically
reached a stable parameter set (no change for the past 50 iterations)
after 200–400 iterations.
Once optimal parameters were identiﬁed, the original and new
phenology models were each re-run using 100 patches to reach quasi-
equilibrium. We assessed the ability of each model to capture seasonal
patterns of GPP and LAI using several metrics. For both GPP and LAI,
we looked at the mean relative error as a measure of how well the
model matched the magnitude of observations and R2 as a measure of
how well the model matched the monthly pattern.
3. Results
3.1. Seasonal patterns of GPP and LAI estimated with LPJ-GUESS and
MODIS
Model runs using the standard parameterization with each of the
three original phenology types revealed large diﬀerences in perfor-
mance when compared to the seasonal patterns of MODIS LAI and EC
GPP (Fig. S3). All three phenology types, i.e., evergreen, raingreen and
summergreen, resulted in a large over-estimation of LAI during the
summer season, and estimates of peak GPP were too high at the drier
sites but slightly too low at the cooler, wetter sites. LPJ-GUESS tended
to over-estimate GPP in the fall regardless of which phenology type was
used, and the evergreen and summergreen types also over-estimated
spring GPP at the two higher-elevation sites. The summergreen phe-
nology type tended to under-estimate spring GPP across all four sites.
Model runs with the summergreen phenology type compared most fa-
vorably to the data (lowest mean relative error for both GPP and LAI),
so we used this phenology type for the sensitivity analysis.
GPP estimates derived using the MODIS algorithm (MOD17,
Running et al., 2004) were similar to those derived from LPJ-GUESS
and suﬀered many of the same seasonal biases (Fig. S4). Furthermore,
the standard MODIS GPP output created using low- resolution (1.9° ×
1.875°) NCEPII climate data (Zhao et al., 2006) under-estimated GPP at
all sites except for WBS. Using site-level data from weather stations at
the ﬂux towers improved the model ﬁt, but did not solve the issues with
seasonality.
3.2. Parameter sensitivity
Of the fourteen parameters examined in our sensitivity analysis with
the original model, six were found to have a substantial inﬂuence
(|RPCC|> 0.2) on total GPP and LAI or sagebrush LAI and biomass
(Table S1). Higher values of sla, ltormax, and pstempmax were associated
with increases in sagebrush LAI and biomass, whereas higher values of
rootup, GDD5, and latosa had a negative eﬀect on sagebrush.
Several parameters aﬀected ecosystem-level GPP primarily through
their eﬀect on the competitive balance between sagebrush and grass,
which served to either dampen or even reverse the expected impact of
these parameters. Two parameters, sla and ltormax, were associated with
increases in sagebrush productivity and biomass, yet caused a decline in
total GPP because growth of grass was suppressed. The opposite was
true for GDD5: a lengthening the period from budburst to full leaf cover
had a negative eﬀect on sagebrush productivity but allowed for in-
creased growth of competing grass, boosting the total GPP.
Only three parameters (sla, rootup, and ltormax) were linked to sea-
sonal patterns in relative GPP, and the order of importance was iden-
tical to that for the annual patterns. Across all sites, higher values of sla
and ltormax were associated with a greater proportion of GPP occurring
during the summer and fall, whereas higher values of rootup resulted in
more productivity occurring in the spring (Table S2). Two additional
variables (pstemplow and pstempmin) were also optimized because they
had a strong inﬂuence on monthly GPP during certain seasons. The
remaining six parameters that did not have a substantial inﬂuence on
GPP or LAI at any temporal scale were excluded from further analyses.
Of the fourteen parameters considered when we re-ran the sensi-
tivity analysis using the new phenology routine, ten had a |RPCC|> 0.2
for at least one annual (Table S3), seasonal (Table S4), or monthly
variable. The three most inﬂuential parameters at the annual time scale
were all new parameters, introduced for the new phenology scheme,
and two of them (phenmax,grass and GDD5,grass) were for grass. These two
parameters together control the total length of time that grass is fully
leafed out, and longer periods of leaf cover were strongly linked to
higher values of total GPP. The sagebrush-speciﬁc phenwinter parameter
was also quite inﬂuential, with higher values beneﬁting sagebrush and
resulting in higher total GPP. The new downramp parameter that we
tested did not have a strong inﬂuence on any annual, seasonal, or
monthly variable and so was removed from the model prior to para-
meter optimization. Two additional parameters, pstempmax and
GDD5,sage, also failed to meet the |RPCC|>0.2 cut-oﬀ for at least one
variable and were excluded from further analyses.
Sagebrush sla remained inﬂuential in the new model, but higher
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values were associated with higher total GPP, whereas in the original
model sla had the opposite eﬀect due to the suppression of grass when
sagebrush productivity increased. The parameters ltormax and latosa also
remained inﬂuential for sagebrush, but their eﬀect on total GPP was
reduced relative to the original model. Rootup had a similar eﬀect in
both model versions, with higher values driving declines in both sa-
gebrush LAI and total GPP.
Several of the new parameters also had a large inﬂuence on seasonal
patterns of GPP (Table S4). Predictably, higher values of aphenmax for
both sagebrush and grass were associated with a greater proportion of
GPP occurring during the fall, though the eﬀect was much less pro-
nounced for sagebrush. Higher values of phenwinter led to a higher pro-
portion of GPP occurring during the spring and fall, and higher values
of sla had a similar eﬀect by decreasing GPP during the summer
months. The strength of inﬂuence for these parameters varied pre-
dictably according to the composition of the modeled plant community.
The sagebrush parameters tended to have a bigger impact at the PFS
and MBS sites, where sagebrush makes up a greater proportion of the
modeled LAI, while the grass parameters had a bigger impact at the two
warmer, drier sites where sagebrush is slightly less prevalent.
3.3. Improvements in model performance
Optimizing parameters in the original summergreen phenology
model improved its ability to match the monthly pattern of GPP (in-
crease in R2, Table 2; Fig. S5) regardless of which data source was used
for optimization. The mean relative error (MRE) for GPP, however, only
improved when GPP data were used for optimization. Interestingly,
parameter optimization alone did not improve estimates of the pattern
or magnitude of LAI.
In contrast to parameter optimization alone, the new phenology
model substantially reduced the error associated with modeled LAI
(MRE 0.61 compared to 3.91) and also improved estimates of the
monthly pattern (R2 of 0.75 compared to 0.29; Fig. S5). These im-
provements were largely due to improvements in the model’s ability to
capture both peak LAI and the timing of leaf senescence (Fig. 2). These
changes also resulted in a better match to monthly patterns of GPP,
with R2 values ranging from 0.82 to 0.86 depending on which data were
used for optimization. The new model also improved the MRE for GPP,
regardless of which data source was used for optimization.
Results for annual GPP mirrored those for monthly GPP but were
more strongly inﬂuenced by the choice of optimization data (Table 3).
Using GPP data for optimization resulted in the best predictions of
annual GPP, while using LAI data either alone or in combination with
GPP resulted in an under-estimate of GPP at all four study sites. The
new phenology model was only slightly better at predicting annual GPP
than the original model with optimized parameters, despite showing a
much larger improvement in the pattern of GPP (R2) as well as the MRE
for monthly GPP (Table 2). The original LPJ-GUESS model tended to
over-estimate GPP in the spring and fall while under-estimating GPP in
the summer, and this pattern continued even after parameter optimi-
zation. These errors can cancel out and result in a reasonable estimate
of annual GPP despite the mismatch in seasonal pattern.
Interestingly, using the new phenology model resulted in a large
improvement in the realism of the modeled plant community compared
to the original summergreen phenology model. The original model
tended to result in vegetation communities that were dominated by
either the sagebrush or C3 PFT, whereas ﬁeld data show a more ba-
lanced mix of shrubs and grasses/forbs at each of the four study sites
(Table 4). Optimizing parameters in the original model did not sub-
stantially change the modeled vegetation community, and the C3 PFT
continued to dominate at the warmest site (WBS) while the shrub PFT
dominated at the other three sites. The new phenology model, however,
resulted in a more realistic balance between the two PFTs.
4. Discussion
4.1. Inﬂuence of model parameters
The parameters that emerged as highly inﬂuential in our analysis
were similar to those identiﬁed in previous studies, but with several
notable exceptions speciﬁc to dryland ecosystems. We included in our
sensitivity analysis variables turnoversap, greﬀmin, and estmax which were
previously found to control modeled GPP at temperate sites (Zaehle
et al., 2005; Wramneby et al., 2008; Pappas et al., 2013), but none of
these parameters emerged as important in mediating sagebrush GPP at
our dryland sites. This ﬁnding suggests that some of the parameters that
are important when modeling vegetation in more mesic ecosystems, the
primary focus of prior sensitivity analyses, play a more minor role when
modeling dryland vegetation where water limitation is important.
Turnoversap, greﬀmin, and estmax all have a strong inﬂuence on the com-
petitive balance between shade-tolerant and shade-intolerant trees
(Wramneby et al., 2008), but dryland shrublands rarely achieve com-
plete canopy cover and both of our PFTs are considered shade-intol-
erant, diminishing the importance of these variables. In contrast, the
three original model parameters that consistently ranked as most im-
portant in our analyses (sla, rootup, and ltormax) are all closely linked to
plant-water relations, which are of critical importance in dryland eco-
systems (Biederman et al., 2017).
The model sensitivity to several of our new phenology parameters
was not surprising given the direct link between foliar cover and pro-
ductivity, and serves to further highlight the importance of having an
accurate and ﬂexible phenology routine. Three of the four parameters
determining the optimal temperature range for photosynthesis also
proved important in certain months, but their impact on seasonality of
GPP was minimal. The low importance of our new downramp parameter
can likely be attributed to the fact that productivity was already de-
clining due to moisture limitation by the time leaves were shed.
Sagebrush tends to lose its ephemeral leaves over a short period of time,
so the impact of downramp may also have been too small to have a
signiﬁcant impact at the monthly time scale of model output.
Our results support prior work (Wramneby et al., 2008) suggesting
that parameter eﬀects on the modeled vegetation community play an
important role in mediating their eﬀects on ecosystem-level pro-
ductivity. Parameter values that lead to an increase in sagebrush pro-
ductivity often resulted in a decrease in total ecosystem LAI and GPP
due to the decrease in grass LAI (Tables S1 & S3, Figs. S6 & S7). This
points to the importance of capturing community-level processes such
as competition when developing and using ecosystem models (Scheiter
et al., 2013).
4.2. Inﬂuence of model structure
While optimizing key parameters in the original model did improve
its ability to capture seasonal patterns in MODIS LAI and EC GPP, the
largest gains in performance came from the addition of a semi-
Table 2
R2 and mean relative error (MRE) of monthly values for the original summer-
green model compared to the same model with optimized parameters and the
new phenology model.
R2 MRE
Optimization Data Model GPP LAI GPP LAI
Original 0.66 0.29 0.85 3.91
GPP and LAI Optimal Parameters 0.72 0.32 0.90 4.16
New Phenology 0.84 0.75 0.64 0.61
Just GPP Optimal Parameters 0.77 0.33 0.82 4.32
New Phenology 0.86 0.64 0.63 2.65
Just LAI Optimal Parameters 0.72 0.30 0.92 3.91
New Phenology 0.82 0.80 0.66 0.46
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deciduous phenology type. These ﬁndings suggest that while parameter
uncertainty does contribute to model bias, updates to model structure
are ultimately necessary to accurately represent the seasonality of
carbon ﬂuxes.
The new semi-deciduous phenology type resulted in vast improve-
ments in both the pattern and magnitude of modeled LAI, reducing
MRE from 3.91 to 0.61. The original model over-estimates LAI by as
much as two units (Fig. 2), which is a common problem in ecosystem
models (Richardson et al., 2012; Murray-Tortarolo et al., 2013; Zhu
et al., 2013). For example, Murray-Tortarolo et al. (2013) tested eight
ecosystem models and found that they tended to over-estimate mean
LAI by 2–3 units. The authors speculated that one reason for the over-
estimation of LAI was the poor ability of models to match observed
patterns of leaf phenology. The dramatic improvement of LAI estimates
in our new phenology model suggests that this may indeed be the case.
Much of the improvement we observed was due to the addition of
the phenmax parameter, which alleviates the problem of late leaf
senescence and dormancy that is common among DGVMs (Richardson
et al., 2012; Murray-Tortarolo et al., 2013). Allowing for a more rea-
listic growing season length caused declines in total biomass and pro-
ductivity, which in turn resulted in much more realistic values for peak
summer LAI. Updates to the existing GDD5 parameter only had a small
impact on the pattern of spring leaf-out, though this may be due in part
to the low temporal resolution (monthly) of our output data.
The new phenology routine also resulted in a more realistic balance
between the grass and shrub PFTs. This was most noticeable at the LOS
and WBS sites. The modeled percentage of shrub LAI was too high for
the post-ﬁre site (PFS), but this is likely due to the fact that shrubs have
not yet recovered fully from the 2007 ﬁre, leaving a community that is
currently dominated by grass and forbs. The low estimate for shrub LAI
at the driest site (WBS) could be related to issues in the representation
of hydrology (Pitman, 2003; Jung et al., 2007; Wolf et al., 2008).
4.3. Importance of phenology in DGVMs
Our analyses of parameter importance, optimization methods, and
the phenology model itself all demonstrate the importance of improving
how phenology is represented in DGVMs. Several parameters directly
related to phenology (GDD5, phenmax, and phenwinter) emerged as highly
inﬂuential in our sensitivity analyses using both the original model and
the model with semi-deciduous phenology. The eﬀect of these para-
meters was not limited to seasonal patterns of LAI and GPP, but also
inﬂuenced the total annual GPP, mirroring results from prior modeling
studies in forested ecosystems (Richardson et al., 2012; Keenan et al.,
2012).
Some of the improvements resulting from the new semi-deciduous
phenology type are likely due to improvements in the modeled vege-
tation community. Our sensitivity analysis revealed that important PFT-
level parameters aﬀect ecosystem-level GPP primarily through their
impact on the competitive balance between sagebrush and grass PFTs.
Interestingly, improving grass phenology was just as important as
adding the semi-deciduous phenology type to better represent sage-
brush, suggesting that improving phenology even for commonly-used
PFTs may be necessary when modeling dryland ecosystems. For the
grass PFT, altering a parameter that is usually treated as constant
(GDD5) had a positive impact on model performance, but adding the
new aphenmax parameter was also necessary to correctly model the end
of the summer growing season.
These changes in the model served to make the phenology routines
Fig. 2. Modeled LAI (top row) and GPP
(bottom row) compared to LAI derived from
MODIS data and GPP measured at ﬂux sites.
Panels represent diﬀerent sites. The black lines
represent the reference data while the colored
lines represent model output from simulations
using the standard parameters with the sum-
mergreen phenology type, optimized para-
meters, or new phenology routine. Results
shown are for optimization based on combined
LAI and GPP data.
Table 3
Mean annual GPP (kgC m−2) calculated based on ﬂux data compared to the
value predicted by each model when parameters were optimized using data on
both GPP and LAI, just GPP, or just LAI.
Mean Annual GPP by Site
Optimization Data Model WBS LOS PFS MBS
Flux Tower 0.35 0.52 0.71 0.81
Original Model 0.44 0.58 0.55 0.69
GPP and LAI Optimal Parameters 0.42 0.67 0.77 0.71
New Phenology 0.18 0.31 0.38 0.42
Just GPP Optimal Parameters 0.46 0.58 0.69 0.73
New Phenology 0.32 0.57 0.67 0.76
Just LAI Optimal Parameters 0.49 0.66 0.71 0.77
New Phenology 0.16 0.22 0.28 0.35
Table 4
Proportion of total LAI at each site that was classiﬁed as shrub either in the ﬁeld
data or output from diﬀerent model runs.
Source WBS LOS PFS MBS
Field Data 0.69 0.78 0.16 0.60
Original Model 0.01 0.95 0.93 0.90
Optimal Parameters 0.01 0.97 0.98 0.92
New Phenology 0.20 0.79 0.76 0.65
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for both sagebrush and grass PFTs more ﬂexible. This is important be-
cause simply optimizing parameters in the original model could result
in unrealistic values for important parameters unrelated to phenology
that nonetheless compensate for deﬁciencies in the phenology routine,
i.e., equiﬁnality (Tang and Zhuang, 2008). For example, sla and latosa
had a large impact on annual and seasonal ﬂux estimates. When using
the original model, the optimized values for these parameters were
higher than ﬁeld measurements from similar areas (Ganskopp and
Miller, 1986; Olsoy et al., 2016), whereas the optimized values in the
new phenology model were more realistic (Table 5).
Ultimately, the largest gains in model performance may come from
making the phenology routine fully mechanistic by incorporating all
environmental cues linked to budburst and leaf senescence.
Unfortunately these mechanisms are not well understood (Evans and
Black, 1993; Stockli et al., 2011; Zhao et al., 2013; Dahlin et al., 2016)
and can vary by species (Vitasse et al., 2009), making a more gen-
eralized approach the best option in the face of limited information.
Additional research is necessary to support further model develop-
ments.
4.4. Limitations
While updating the phenology routine improved estimates of
monthly LAI and GPP, our results also point to several areas beyond
phenology where additional research may be necessary to yield further
improvements. First, optimizing parameters for all four sites together
resulted in over-estimates of peak productivity at the driest sites and
under-estimates at wetter sites. This likely relates to problems with how
LPJ-GUESS represents both soil hydrology (Pitman, 2003; Jung et al.,
2007; Wolf et al., 2008) and the eﬀects of moisture limitation (Morales
et al., 2005; De Kauwe et al., 2017), both of which have been noted by
other authors (Gordon et al., 2004; Pappas et al., 2013) and likely
contribute to the generally poor performance of DGVMs in dryland
ecosystems (Smith et al., 2001; Hickler et al., 2004; Pappas et al., 2013;
De Kauwe et al., 2017). Improvements in the phenology routine must
therefore be coupled with improvements in the representation of plant-
water relations for their full beneﬁt to be realized (Xu et al., 2016).
Second, although implementing the new phenology routine vastly
reduced the positive bias in LAI that is common among DGVMs
(Murray-Tortarolo et al., 2013; Zhu et al., 2013), this improvement was
coupled with a drop in peak GPP when optimization was based on the
combination of LAI and GPP data. This suggests that a more funda-
mental issue exists. Many DGVMs have diﬃculty with replicating peak
GPP (Richardson et al., 2012; Biederman et al., 2017); this has been
linked to issues with key parameters related to photosynthesis, re-
spiration, and light use eﬃciency (Richardson et al., 2012; Schaefer
et al., 2012).
The widespread diﬃculty in matching peak GPP could also be
related to the simplistic representation of phenology in many models:
an under-estimation of peak GPP compensates for over-estimation of
GPP in the spring and fall, resulting in a better annual estimate
(Richardson et al., 2012). This appears to be the case for LPJ-GUESS, as
evidenced by the fact that the original model performed comparably to
or even better than the new phenology model when looking at estimates
of annual GPP (Table 3). Modiﬁcations in the phenology routine may
therefore require a re-evaluation of internal model parameter values
that are usually considered ﬁxed, but which were calibrated to match
annual GPP estimates in a way that caused them to compensate for
seasonal biases. Our new phenology routine caused a substantial im-
provement in the seasonal pattern of modeled GPP and LAI, but addi-
tional model development is needed to accurately match the magnitude
of these variables.
Finally, it must be noted that the LAI and GPP data that we are using
as benchmarks are also derived from models, and so it is impossible to
know for certain if apparent errors in model output truly represent a
deviation from reality or if, instead, the reference data are ﬂawed. The
MODIS LAI data are not as reliable in the winter months at these sites,
and the resolution (1 km) may also be too coarse to capture ﬁne-scale
variability in vegetation patterns caused by diﬀerences in micro-
topography, snow drift patterns, or other factors. Values of peak LAI
measured in ﬁeld studies at similar sites within the Reynolds Creek
watershed are similar to the MODIS values (0.4–2.0; Seyfried et al.,
2001; Fellows et al., 2018), and so we can be reasonably conﬁdent that
our new phenology routine did indeed result in more realistic values for
LAI.
Ultimately, the choice of optimization and benchmarking data
should depend on the research objectives. Numerous studies have used
MODIS LAI data for parameter optimization (Forkel et al., 2014;
Scholze et al., 2017), but our results suggest that if the goal is to predict
GPP, using ﬂux data where available will likely yield more accurate
predictions. If the objective is to more accurately predict the pattern of
seasonal changes, as it was here, both data sources can prove useful.
5. Conclusions
Our results suggest that new phenology routines for both semi-de-
ciduous shrubs and dryland grass species are necessary to accurately
match seasonal patterns of LAI and their eﬀects on both GPP and
community composition. None of the three existing phenology types in
LPJ-GUESS were able to replicate seasonal patterns of LAI and GPP, and
ﬂux estimates derived from MODIS data suﬀered from the same biases
that we observed in our LPJ-GUESS output. Seasonal biases were pri-
marily due to the limitations of speciﬁc phenology routines rather than
parameter uncertainty, though optimizing parameters based on ﬁeld
data did yield some improvements in the model ﬁt. The choice of op-
timization data proved to be important, and the new phenology model
only improved predictions of annual GPP when ﬂux data were used for
optimization. To fully realize the beneﬁts of this new phenology rou-
tine, further model development should focus on improving the re-
presentation of both plant-water relations and the scaling relationship
between LAI and GPP. Utilizing a more accurate phenology scheme may
make these tasks easier by eliminating some of the simplifying as-
sumptions about duration of leaf cover and its associated impacts on
soil water content and plant productivity.
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